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Abstract
Future wireless communication networks are required to satisfy the increasing de-
mands of traﬃc and capacity. The upcoming ﬁfth generation (5G) of the cellular
technology is expected to meet 1000 times the capacity that of the current fourth
generation (4G). These tight speciﬁcations introduce a new set of research challenges.
However, interference has always been the bottleneck in cellular communications.
Thus, towards the vision of the 5G, massive multi-input multi-output (mMIMO) and
interference alignment (IA) are key transmission technologies to fulﬁl the future re-
quirements, by controlling the residual interference.
By equipping the base-station (BS) with a large number of transmit antennas, e.g,
tens of hundreds of antennas, a mMIMO system can theoretically achieve signiﬁcant
capacity with limited interference, where many user equipment (UEs) can be served
simultaneously at the same time and frequency resources. A mMIMO oﬀers great
spatial degrees of freedom (DoFs), which boost the total network capacity without
increasing transmission power or bandwidth. However, the majority of the recent
mMIMO investigations are based on theoretical channels with independent and iden-
tically distributed (i.i.d) Gaussian distribution, which facilitates the computation of
closed-form rate expressions. Nonetheless, practical channels are not spatially uncor-
related, where the BS receives diﬀerent power ratios across diﬀerent spatial directions
between the same transmitting and receiving antennas. Thus, it is important to
ii
understand the behavior of such new technology with practical channel modeling.
Alternatively, IA is known to break the bottleneck between the capacity of the
network and the overall spectral eﬃciency (SE), where a performance degradation
is observed at a certain level of connected user capacity, due to the overwhelming
inter-user interference. Theoretically, IA guarantees a linear relationship between
half of the overall network SE and the online capacity by aligning interference from
all transmitters inside one spatial signal subspace, leaving the other subspace for
desired transmission. However, IA has tight feasibility conditions in practice including
high precision channel state information at transmitter (CSIT), which leads to severe
feedback overhead.
In this thesis, high-precision blind CSIT algorithms are developed under diﬀerent
transmission technologies. We ﬁrst consider the CSIT acquisition problem in MIMO
IA systems. Proposed spatial channel estimation for MIMO-IA systems (SCEIA)
shows great oﬀered spatial degrees of freedom which contributes to approaching the
performance of the perfect-CSIT case, without the requirements of channel quantiza-
tion or user feedback overhead. In massive MIMO setups, proposed CSIT strategy
oﬀered scalable performance with the number of the transmit antennas. The eﬀect
of the non-stationary channel characteristics, which appears with very large antenna
arrays, is minimized due to the eﬀective scanning precision of the proposed strategy.
Finally, we extend the system model to the full dimensional space, where users are dis-
tributed across the two dimensions of the cell space (azimuthal/elevation). Proposed
directional spatial channel estimation (D-SCE) scans the 3D cell space and eﬀectively
attains additional CSIT and beamforming gains. In all cases, a list of comparisons
with state-of-the-art schemes from academia and industry is performed to show the
performance improvement of the proposed CSIT strategies.
iii
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Chapter 1
Introduction
1.1 Motivation
Wireless communications have gone through signiﬁcant evolution over the past decade,
to support ultra-high data rates, low-latency and seamless communications. The
demand for wireless data services is growing by 2.0 times every year [1] due to the
progressive increase of wireless mobile applications. With the ongoing advancement
of future communication technology such as internet of everything (IoEs), vehicle to
vehicle (V2V) communications, and big data, the next generation 5G cellular networks
are expected to support signiﬁcant traﬃc and user capacity [2], which current fourth
generation (4G) technology can not provide. One of the major limitations of the
cellular communications is the residual interference, e.g., inter-user, inter-cell, and
inter-carrier interference. Thus, interference mitigation and cancellation have always
been a key focus of the wireless standards [3-5].
However, despite the signiﬁcant performance gains, these interference mitigation
techniques [3-5] require full or partial channel state information at transmitter (CSIT),
for the base-station (BS) to properly design a signal which adds constructively in the
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Figure 1.1: CSI estimation and quantization in FDD cellular communications.
direction of the intended users and destructively towards the interfering users, as
depicted in Figure 1.1. In time division duplex (TDD) systems, the downlink (DL)
and uplink (UL) links are modulated over the same frequency band. Hence, the
channel can be considered reciprocal in both directions, where the DL channel is
approximated by the transpose of the UL channel, providing the BS with an access to
the DL channel information [6]. Though, in frequency division duplex (FDD) systems,
the UL and DL channels are modulated over diﬀerent carriers, to boost the overall
capacity, which ultimately means that the DL and UL are not in fact reciprocal [6].
In FDD systems, the BS transmits periodic training pilots in the DL direction
for facilitating the DL channel estimation at the user equipment’s (UEs). Then,
each UE estimates its corresponding DL channel, quantizes it through a pre-known
codebook, and feeds-back its serving BS with an index to indicate the closest match
codeword from the codebook [7-9]. Furthermore, due to the fact that the wireless
channels are time-varying, this process is repeated every channel coherence time as
depicted in Figure 1.2. Hence, the DL training pilots and UL feedback overhead are
considered a fundamental limitation of cellular communications [10], e.g., attaining
high precision CSIT leads to overwhelming feedback overhead, which signiﬁcantly
reduces the network spectral eﬃciency (SE). To eﬀectively beneﬁt from such advanced
interference mitigation techniques, the CSIT acquisition overhead should be carefully
3
Figure 1.2: Periodic CSIT flow in FDD cellular communications.
taken into account in designing a cellular system.
In this thesis, we develop a novel CSIT acquisition strategy which blindly achieves
near-perfect-CSIT performance with zero feedback overhead. We ﬁrst consider the
proposed strategy in the multi-input multi-output (MIMO) interference alignment
(IA) systems, with practical channel modeling [7]. IA is known to achieve the maxi-
mum spatial degrees of freedom (DoFs) of the MIMO interference networks. Thus, it
is considered a strong candidate for 5G cellular technology. However, IA is demon-
strated to be sensitive to the quality of the CSIT. Hence, most of the IA studies
consider high CSIT overhead load, e.g., 20/30 bits per user per channel coherence
time, which is non-feasible in practice. Thus, we establish a strategy for CSIT ac-
quisition in MIMO-IA systems which incorporates high performance CSIT, zero-bit
feedback overhead, and on-the-go beamforming gain.
Furthermore, we consider the CSIT acquisition problem in massive MIMO (mMIMO)
systems, where the BS is equipped with a large number of antennas, providing tremen-
dous capacity gains [10]. However, in mMIMO systems, the size of the feedback over-
head scales linearly with the number of transmit antennas, which is considered to be
a fundamental limitation against implementing DL mMIMO communications in FDD
networks. The majority of the current standardized solutions suﬀer from scalability
issues with the number of the transmit antennas. Thus, the CSIT acquisition in DL
mMIMO systems still remains an open question. With our proposed scheme, mMIMO
systems are relieved from the bottleneck of the DL channel quantization and UL feed-
4
back overhead, with practical channel modeling. Finally, we extend our proposed
scheme to the full dimensional space, where a more realistic 3D user distribution is
considered and the attained CSIT is harvested in both the azimuthal and elevation
directions [11].
1.2 Literature Review and Background
Harvesting accurate CSIT has always been a crucial challenge against all wireless
communication channels [12]. A typical spatial wireless channel is known to be a
multi-path channel, where the communication link between a BS and UE is composed
from several channel paths with diﬀerent gains and delays [13]. Thus, the BS requires
knowledge of each user’s CSI to precode its corresponding traﬃc into the principal
paths of its DL channel. Ideally, and to achieve the optimal performance of the
MIMO technology, CSIT of each UE should be perfectly known at BS [14]. However,
the DL channel information is only available at the UE side. In literature, there
are two major frameworks for harvesting CSIT, which depend on the communication
system itself. In TDD systems, the UL and DL channels are modulated over the same
frequency band; as a result, the channel principal clusters become highly correlated
[15]. Thus, the typical precoding schemes in TDD systems reasonably assume channel
reciprocity, where the DL channel can be approximated by the transpose of the UL
channel, eliminating the need for additional CSIT harvesting overhead [16-18]. On the
other hand, in FDD systems, the DL and UL channels are modulated over separated
frequency bands. Hence, the principal channel directions may deviate from each other,
which in turn, introduces the need for a limited feedback from every UE [19-21].
However, in practice, FDD systems are most widely implemented due to the higher
provided data rates and the low complexity of the radio frequency (RF) transmission.
5
Thus, the current majority of the CSIT harvesting contributions are aimed towards
FDD systems.
In FDD-MIMO systems, there is always a tradeoﬀ between the size of the user
feedback overhead, precision of the attainable CSIT, and the complexity of imple-
mentation [22]. In current standards of the LTE-Pro [23], a training based CSIT
harvesting strategy is adopted due to the low implementation complexity at the BS
and UE sides. However, it comes with the expense of additional CSI feedback over-
head per channel coherence time. Double codebooks are predeﬁned at both BS and
UE. The ﬁrst codebook tracks the slow varying channel characteristics, while the
second codebook tracks the small-scale channel characteristics. The BS shoots sev-
eral DL pilots over pre-designed time-frequency resources for the UE to estimate its
DL channel. Then, each UE approximates its estimated DL channel by the closest
codewords from the double codebooks, and ﬁnally it feeds-back its serving BS with
two indices of the selected dual codewords. Diﬀerent feedback periodicity are being
deﬁned to minimize the overall feedback overhead, e.g., 80 ms and 5 ms for the ﬁrst
and second codebooks, respectively. Thus, the training-based CSIT harvesting in
FDD-MIMO systems has been widely investigated in literature [24, 25], due to the
low implementation complexity. It was theoretically shown that the training-based
CSIT is asymptotically optimal, when the size of the codebook tends to be very large
[26], providing large spatial scanning precision of the antenna sector. This leads to
overwhelming feedback overhead, which scales linearly with the number of antenna
elements at the BS, and hence, consumes the UL channel capacity accordingly. Thus,
training-based CSIT harvesting schemes are not usually recommended for massive
MIMO systems or with 3D beamforming, where massive feedback overhead may be
needed.
For 3D massive MIMO systems, CSIT harvesting problem is additionally chal-
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lenged by the scalability issues with the large antenna arrays and the feedback di-
mensionality (elevation/ azimuthal). The current standardized double codebooks have
been extended to scan the horizontal in addition to the vertical cell coverage space,
providing a Kronecker-product based beamforming scheme for 3D channels [27, 28].
Though, it has been shown that Kronecker-product (KP) based beamforming is not
scalable with the number of transmit antennas, e.g., adopting very large antenna ar-
rays with moderate codebook sizes, and hence moderate feedback overhead, does not
lead to a remarkable performance enhancement, due to the limited quantization spa-
tial DoFs. Another promising framework for attaining 3D CSIT is the beamformed
CSI reference signals (CSI-RS), where the DL pilots are beamformed towards prede-
ﬁned directions, to cover the 3D space of each cell [29, 30]. Each UE feeds-back its
serving BS with an index of its principal pilot direction for data beamforming. Due to
the beamforming and array gains, the beamformed CSI-RS tends to provide a better
performance than the KP-based beamforming, e.g., extended coverage with higher
levels of the signal-to-interference-noise-ratio (SINR). Additionally, the CSI-RS pilots
are generated by the discrete Fourier transform (DFT), and thus, the engineering
practical limitations such as the constant modulus and the ﬁxed alphabet size, can be
satisﬁed. However, with lower scanning precision, CSI-RS schemes may result in blind
coverage spots, where users are sub-optimally served by beam-side-lobes. A diversity
of extensions of the CSI-RS CSIT has been proposed to tradeoﬀ performance with
complexity, such as the rotated CSI-RS [31, 32].
On another side, the most practical MIMO transceivers fall under two major cat-
egories as follows:
1. Linear transceivers: Each transmitted data stream is estimated through a
linear combination of the received signals across the antenna elements. This
category includes the zero-forcing (ZF), and the minimum mean square error
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(MMSE) transceivers.
2. Non-linear transceivers: Each transmitted data stream is estimated through
an iterative successive interference cancellation (SIC) algorithm.
The spatial matched ﬁlter (SMF) is a basic MIMO transceiver. SMF depends on
processing the received signal by focusing as much energy as possible towards the
direction of the desired stream; however, without control on the inter-stream interfer-
ence levels. The received signal at the output of the SMF for the Lth stream is given
by
yL =‖ hL ‖2 sL +
∑
i6=L
hHerm.L hisi + hLn, (1.1)
where Herm. indicates the Hermitian matrix operation, Fsmf = hL denotes the SMF
transfer function, sL is the desired data stream, and n is the Gaussian noise. The
summation term indicates the inter-stream interference. The SMF provides the least
ﬁltering complexity; however, it provides poor performance when the inter-stream
interference is signiﬁcant.
However, the ZF transceiver completely eliminates the inter-stream interference
by inverting the MIMO channel matrix as,
Fzf =
1
H
, (1.2)
where H is the MIMO channel matrix. Ideally, the low-magnitude channel samples
are compensated by larger ﬁlter response and the large magnitude channel samples are
compensated by lower ﬁlter response to provide a unity response of the transmitted
data streams. However, due to the inversion operation, ZF suﬀers from the noise
enhancement problem, in the low signal strength region.
The MMSE transceiver aims to minimize the average estimation error of each
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data stream. Unlike the ZF, the average error is considered over both the transmitted
data and the corresponding noise, to overcome the noise enhancement problem. The
transfer function of the MMSE transceiver is given by
Fmmse =
(
H Herm. H+
σ2n
P
I
)
HHerm., (1.3)
where σ2n is the noise variance. On the other side, the SIC transceiver provides the
best achievable performance with the expense of the processing complexity. SIC is an
iterative transceiver, where the number of the interfering streams is reduced by one
every iteration. Table 1.1 summarizes the achievable capacity of the MIMO channel
with the SMF, ZF, MMSE, and SIC transceivers. Figure 1.1 shows the spectral
eﬃciency comparison of the listed transceivers, for the 32×2 antenna setup. It shows
that the ZF approaches the MMSE in the high signal-to-noise (SNR) ratio, where
poor noise levels exist. Additionally, the MF shows the worst performance since the
inter-stream interference is mistreated as noise. Generally, linear transceivers are
the most widely used in MIMO systems, because of the low processing complexity.
However, they suﬀer from sub-optimal performance, due to the limited DoFs in high
interference environments. Thus, linear transceivers are known to provide lower multi-
user capacity than non-linear transceivers.
Interestingly, the capacity variance of the MIMO channel shrinks with the number
of BS antennas, e.g., the diagonal channel coeﬃcients approach unity, while the oﬀ di-
agonal coeﬃcients approach zero. This phenomenon is known as “channel hardening”,
where the desired channel coeﬃcients become more predominant with the number of
the BS antennas, as shown in Figure 1.2 for diﬀerent antenna setups. Channel hard-
ening is considered as self-interference-mitigation in massive MIMO systems, where
linear transceivers become suﬃcient to achieve near optimal performance, with the
near-orthogonal channels.
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Table 1.1: MIMO channel capacity with SMF, ZF, MMSE, and SIC transceivers.
Transceiver SINR (ith user)
Spatial matched ﬁlter
(SMF)
pi‖hi‖2∑
j 6=i
|hHerm.j hi|2+σ2
Zero-forcing (ZF)
pi
σ2(HHerm.H)
−1
Minimum mean square
error (MMSE)
pi
σ2
(
H
Herm.
H+σ
2
pi
)−1 − 1
Successive interference
cancellation (SIC)
pi
σ2
(
HHerm.H
)
Thus, with large antenna arrays, high spatial correlation between the DL and UL
channels is observed, based on many channel ﬁeld measurements campaigns [33-35],
due to the small diﬀerence between the angular spread of both channels. Blind CSIT
harvesting schemes are proposed to utilize the spatial correlation of the UL and DL
channels, and to obtain an accurate CSIT, without the need for extensive feedback
overhead. Llyod [36], local-packing [37], Grassmannian-subspace-packing [38], and
individual-gain-and-phase-quantiﬁcation [39] algorithms are known to generate time-
updated codebooks for 3D channels. However, the knowledge of the local and/or
global user channel covariance matrices are required for the blind processing. Thus,
the large antenna array dimension leads to high processing complexity in the matrix
operations.
A blind and scalable CSIT scheme, which provides an accurate CSIT harvesting
gain, and complies with the practical limitations such as the constant modulus, ﬁxed
alphabet, and the lower computational complexity, is still vital for 3D massive FDD-
MIMO systems.
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1.3 Thesis Outline and Contribution
Based on the previous discussion, the following observations can be noted:
1. Most of the CSIT investigations in recent literature consider independent and
identically distributed (i.i.d.) Rayleigh fading channels, which facilitates achiev-
ing closed form rate expressions. However, practical channels are not spatially
uncorrelated, based on diversity of ﬁeld measurement campaigns, in which these
rate expressions are unachievable in practical deployments.
2. Interference is a fundamental limitation in cellular communications. Advanced
interference mitigation techniques require large loads of user feedback overhead
and channel quantization, e.g., 20/ 30 control bits per user per channel co-
herence time. Thus, this requirement signiﬁcantly degrades the overall system
performance, where large segments of the network resources are consumed by
control feedback.
3. Massive MIMO (mMIMO) communication, where a large antenna array is adopted
at transmitter, is a key technology for the upcoming 5G cellular communications.
mMIMO has been demonstrated to allow for simple and linear interference mit-
igation transceivers, while achieving near optimal performance. However, the
amount of user feedback overhead must be scaled linearly with the number of
transmit antennas, which is considered a critical limitation against the practical
implementation of the mMIMO systems. Recent mMIMO studies are either to
consider high user feedback control overhead or to perform high-complexity blind
CSIT acquisition, incorporating several unreasonable assumptions in practice.
4. Full dimensional mMIMO communications are more realistic in practical de-
ployments, where connected capacity is distributed in both the azimuthal and
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elevation directions. Thus, the CSIT acquisition problem becomes more chal-
lenging, where the optimal performance is achieved only by full load of the user
feedback overhead in both directions. This leads to signiﬁcant loss in the system
spectral eﬃciency, yielding the full dimensional massive MIMO systems not yet
to be incorporated in current standards.
Motivated by the aforementioned observations, we addressed the following issues:
1. Developing a blind CSIT acquisition strategy for advanced interference align-
ment schemes, without channel quantization, and user feedback overhead over
multi-user MIMO channels. The standardized and practical spatial channel
modeling is incorporated instead of the theoretical i.i.d. channels.
2. Developing a novel CSIT acquisition scheme which is scalable to mMIMO sys-
tems, without the limitations of the DL channel quantization and the non-
stationary channel characteristics, which are presented when using large antenna
arrays.
3. Attaining high-precision CSIT in full dimensional systems, without quantization
limitation in either the azimuthal or elevation directions.
In Chapter 2, we introduce a spatial channel estimation algorithm for MIMO-IA
systems. Unlike the current IA investigations, we approached the SE of the perfect-
CSIT, where the exact channels are known at the BS, without the requirements of
channel quantization or feedback overhead.
In Chapter 3, we extend our system model to an FDD massive MIMO system, to
utilize the great oﬀered spatial DoFs in the blind estimation algorithm. Results show
that the proposed CSIT strategy is eﬀective with large antenna arrays, compared to
recent algorithms from industry and academia.
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In Chapter 4, we consider the full-dimensional channel modeling, where more
practical deployment scenarios are considered. The simulation results show that our
algorithm outperforms the state-of-the-art schemes in current wireless standards.
Finally, thesis conclusion and potential future developments are presented inChap-
ter 5.
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Chapter 2
Spatial Channel Estimation for
FDD MIMO-IA Systems∗
2.1 Abstract
The practical feasibility of interference alignment (IA) is a major challenge in real-
world implementation. The majority of the research contributions assume ideal chan-
nel reciprocity, which may be valid in time division duplex (TDD) systems. In fre-
quency division duplex (FDD) systems, large codebooks are utilized for channel quan-
tization, which consume the feedback channel capacity. In this work, a spatial channel
estimation method is proposed for FDD-MIMO IA systems. The method utilizes the
path correlation between the forward and reverse channels, where channels are on
diﬀerent frequency bands. A transformation matrix is employed to estimate the an-
gles of departure of the forward channel. The proposed method shows a signiﬁcant
improvement of the sum rate without the need of feedback overhead bits.
∗This chapter is a modified version of "A. A. Esswie, M. El-Absi, O. A. Dobre, S. Ikki and
T. Kaiser, "Spatial channel estimation-based FDD-MIMO interference alignment systems," IEEE
Commun. Lett., vol. 6, no. 2, pp. 254-257, April 2017"
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Index Terms— Interference alignment; Reciprocity; MIMO; Channel state infor-
mation; Feedback.
2.2 Introduction
INTERFERENCE alignment (IA) can achieve the maximum multiplexing gain over
MIMO channels. IA designs the signals at transmitters to be aligned in a signal
subspace at receivers, leaving the other interference-free subspace for desired signal
transmission [1, 2, 3]. IA has proven that interference is not a fundamental limitation
in a K-user MIMO interference channel. In [3], the sum capacity of the K-user
interference channel under IA is shown to scale linearly with the number of connected
users.
The IA closed-form solution requires global channel state information at the trans-
mitters (CSIT) in order to cooperatively design the precoder and decoder vectors [4],
which is not feasible in practice. Feasible solutions such as iterative algorithms are
proposed in the literature that require only local CSIT [5]. A widely used IA algorithm
is the maximum signal-to-interference noise ratio (SINR). It provides the optimal IA
degrees of freedom (DoFs) with well scaled-complexity. However, the maximum SINR
criterion is shown to be sensitive to the accuracy of the estimated channels [6, 7].
Therefore, the majority of contributions assume ideal reciprocity, where the chan-
nels of the reverse link (RL) and forward link (FL) are assumed to be reciprocal.
However, channel reciprocity is not valid in FDD systems. Thus, CSI quantization
algorithms are proposed to enhance the attainable CSIT precision underB-bit limited-
feedback per channel coherence time [8, 9]. Nevertheless, a slight mismatch between
the actual and quantized FL channels leads to signiﬁcant performance degradation.
With inaccurate channel estimation at the transmitter, the maximum SINR criterion
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improperly designs the transmission precoders, which results in non-aligned inter-
ference at receivers. To enhance the CSIT accuracy, current solutions employ large
codebooks, with a large number of feedback overhead bits, e.g., 20 bits [10].
In this chapter, a spatial channel estimation method for MIMO IA systems (SCEIA)
is proposed for FDD communications. SCEIA projects the RL channel, known from
the RL sounding [12], on a set of predeﬁned channel directions, which forms a code-
book that spans the entire coverage of the antenna sector. The channel directions in
the codebook are compensated by the frequency gap between the RL and FL chan-
nels. The spatial power spectrum is obtained and a vector of the principal FL angles
of departure (AoDs) is estimated, based on the RL angles of arrival (AoAs). The
FL channel is estimated through a transformation matrix in terms of the estimated
AoDs. Thus, the overall performance is not fundamentally limited by the FL channel
quantization accuracy, and the proposed method requires no feedback overhead bits,
e.g., B = 0 bits.
This chapter is organized as follows. Section 2.3 describes the system model.
Section 2.4 introduces the proposed SCEIA method. Simulation results are presented
in Section 2.5 and conclusions are drawn in Section 2.6.
2.3 System Model
In this work, we consider a MIMO ad-hoc interference network with K transmitter-
receiver pairs. All transmitters and receivers are equipped with Nt transmit antennas
andMr receive antennas, respectively, as shown in Figure 2.1. The ith receiver desires
to accommodate di independent data streams si = CN (0, Pdi Idi). The channel matrix
from the jth transmitter to the ith receiver is denoted by Hij ∈ CMr×Nt ,∀i, j ∈
{1, 2, . . . , K}.
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Figure 2.1: K transmitter-receiver pairs over ad-hoc MIMO interference channel.
The precoder vectors at transmitters and decoder vectors at receivers are de-
signed and updated to satisfy the IA objective function and are denoted by Vj =
[v1jv
2
j . . .v
di
j ] ∈ CNt×di and Ui = [u1iu2i . . .udii ] ∈ CMr×di respectively, where vpj and
upi ,∀p ∈ {1, 2, . . . , di} are the corresponding column vectors of the precoders and
decoders with respect to each single data stream between the jth − ith transmitter-
receiver pair. Hence, the discrete-time received pth stream at the ith user is given
by
y
p
i = Hiiv
p
i s
p
i +
di∑
l=1,l 6=p
Hiiv
l
is
l
i +
K∑
j=1,j 6=i
dj∑
m=1
Hijv
m
j s
m
j + ni, (2.1)
where ni is the additive white Gaussian noise at the ith user. The ﬁrst and second
summation terms represent the intra-user inter-stream and the inter-user interference,
respectively. To reconstruct the pth stream at the ith user, the pth stream received
signal is decoded using an orthonormal receive suppression ﬁlter upi . The reconstructed
data stream sˆpi at the i
th receiver can be written as
sˆpi = (u
p
i )
Hy
p
i , (2.2)
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where the superscript H denotes the Hermitian transpose operation. For perfect
interference alignment at the ith receiver, the following conditions must be satisﬁed:
UHi HijVj = 0,∀i 6= j (2.3)
rank{UHi HiiVi} = di, (2.4)
and the achievable sum rate at the ith receiver is expressed as
Ri = log2
∣∣∣∣∣I+ U
H
i HiiViH
H
iiV
H
i Ui∑K
j=1,j 6=iU
H
i HijVjH
H
ijV
H
j Ui + σ2I
∣∣∣∣∣ . (2.5)
The 3GPP spatial channel model (SCM) is used in this work [11]. It is described
by the strongest C = 6 clusters or reﬂections, each with 20 sub-paths for non-line of
sight communications (NLoS). The SCM channel steering element from the sth to uth
antenna on the qth channel cluster is described by
h{u,s,q} =
√
pqσsf
20
20∑
z=1
(
√
GT (θq,z,AoD)e
j[k∇ sin(θq,z,AoD)]
×
√
GR(θq,z,AoA)e
j[k∇ sin(θq,z,AoA)]ejk||v||cos(θq,z,AoA−θv)t ) , (2.6)
where pq and σsf are the power and shadow fading factor of the qth sub-path, GT and
GR are the transmitter and receiver antenna gains respectively, k is the wave number
where k = 2π
λ
and λ is the carrier wavelength, θq,z,AoD and θq,z,AoA are the FL AoD
and RL AoA respectively, ∇ is the distance in meters between the sth antenna and
the reference antenna index, and v is the relative velocity. The channel matrix Hij is
expressed as
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Hij =
1√
C


∑C
q=1 h{1,1,q} . . .
∑C
q=1 h{1,Nt,q}
...
. . .
...
∑C
q=1 h{Mr,1,q}
...
∑C
q=1 h{Mr,Nt,q}


. (2.7)
2.4 Spatial Channel Estimation for IA Systems
In this section, the basic idea of the proposed SCEIA method is introduced. A set
of predeﬁned beamforming channel directions is generated with an arbitrary angle
precision. These directions are compensated by the frequency gap between the RL
and FL channels. The RL channel per user is energy-projected and the principal FL
AoDs are captured. The FL channel is estimated through a two-step operation. A
transformation matrix is constructed to provide a rough estimate by precoding the
RL channel on the estimated FL AoDs. Then, the minimum mean square estimate
(MMSE) of the FL channel is derived to reﬁne the estimation accuracy.
2.4.1 Spatial Channel Estimation for FDD MIMO-IA Sys-
tems
The precoding and decoding vectors are updated at every pilot transmission to satisfy
the maximization of the received SINR at the ith receiver [1], which is given by
SINRi =
(
P
di
)
U
H
i HiiViV
H
i H
H
iiUi
U
H
i BijUi
, i 6= j,∀i, j ∈ {1, . . . ,K} (2.8)
and the interference covariance matrix Bij is expressed by
Bij=
K∑
j=1,j 6=i
P
dj
dj∑
l=1
HijVjV
H
j H
H
ij + Ii. (2.9)
Ideally, the FL and RL channel clusters bounce on similar angle directions under
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moderate mobility conditions, which depend on the frequency characteristics of both
channels [11]. Therefore, widening the frequency gap between the RL and FL channels
reduces the path correlation between the principal RL and FL channel clusters. As a
result, the channel RL AoAs and FL AoDs start to deviate from each other.
Assuming an antenna sector of θo degrees of coverage, a set of N channel directions
are generated to form a predeﬁned codebook at the transmitter, where N = θ
o
ρ
and
ρ is an integer scaling factor. The codebook design is arbitrary for a given channel
quantization precision. Without loss of generality, we consider θo = 120o, ρ = 1 and
N = 120. Therefore, the codebook F(θc),∀c = 1, 2, . . . , N, is expressed as
F(θc) =
1√
Nt
[
1, e−j2π4RLcos θc , . . . , e−j2π4RL(Nt−1) cos θc
]T
, (2.10)
where the superscript T denotes the transpose operation, F(θc) corresponds to the
cth beamformed channel direction from the codebook, which points to the direction
of θc and 4RL is the eﬀective antenna spacing after compensating the frequency gap
between RL and FL channels by the factor α,
4RL = α4FL, α = fRL
fFL
, (2.11)
where 4FL is the FL antenna spacing in terms of the FL channel frequency, and fRL
and fFL are the RL and FL channel carrier frequencies, respectively. The compensa-
tion factor α translates the frequency gap between the FL and RL channels into an
eﬀective antenna spacing to compensate for the diﬀerence in the channel path corre-
lation. With a 4× 4 antenna conﬁguration, Figure 2.2 shows that the ﬁrst estimated
FL AoD approaches the actual channel AoD with average deviation of 2 degrees at
SINR=10dB. The estimation accuracy is shown to enhance with the SINR, as most
of the signal energy is conﬁned in fewer number of principal channel paths in the high
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Figure 2.2: Estimation of the first principal FL AoD.
SINR region.
The RL channels are projected over the F(θc) codebook and the spatial power
spectrum is expressed by
P(θc) =
1
F(θc)HQ
−1F(θc)
, (2.12)
where P(θc) is the spatial power spectrum, Q = HjiH
H
ji is the Nt×Nt auto-covariance
matrix of the RL channel and F(θc) is the Nt × 1 steering vector from the codebook
that corresponds to the direction angle θc. The Nt angles that correspond to the
largest power values are considered the principal estimated FL AoDs and the AoD
angle vector is estimated as
θˆAoD =
[
θAoD1 , θAoD2 , . . . , θAoDNt
]T
, (2.13)
θAoDw = arg
θc
max ‖P(θc)‖2 ,∀w = 1, 2, . . . , Nt. (2.14)
A transformation matrix is constructed to roughly estimate the FL channel, where
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the dominant Nt FL AoDs are known. The transformation matrix T(θAoD) ∈ CNt×Nt
re-projects the RL channel column vectors on the estimated AoD directions,
T =


1 · · · 1
eψ cos θAoD1
. . . eψ cos θAoDNt
...
...
...
eψ(Nt−1) cos θAoD1 · · · eψ(Nt−1) cos θAoDNt


(2.15)
where ψ = −j2π4DL. A rough estimate of the FL channel between the jth − ith
transmitter-receiver pair is obtained by projecting the RL channel on the transforma-
tion matrix T as
Hˆij = H
H
jiT. (2.16)
Based on (2.13)-(2.16), it can be easily seen that with an increased number of
transmit antennas, additional spatial information of the RL channel is captured and
the beamforming directions from the codebook become sharper, leading to less inter-
ference on the spatial power spectrum. Thus, the estimation accuracy is improved
without additional feedback bits as it will be shown in Section 2.5.
2.4.2 Minimum Mean Squared Estimate of the FL Channel
The rough channel estimation obtained in (2.16) is reﬁned by using the MMSE crite-
rion. The estimation problem of the FL channel is given by
Hˆij = H
H
jiT+G, (2.17)
where G ∈ CMr×Nt is the estimation Gaussian error covariance matrix. The MMSE
approach ﬁnds the matrix W which minimizes the MSE as expressed by
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Figure 2.3: MSE for different frequency gaps.
MSE = E
{
(WHHjiT−Hij)(WHHjiT−Hij)H
}
, (2.18)
where E {.} denotes the expectation and Hij is the actual FL channel. Hence, theW
matrix is given by W = ((HHjiT)
HHHjiT + σ
2
GI)
−1(HjiH
H
jiT)
H, and the ﬁnal channel
estimate is given by Hˆij = WH
H
jiT. The MSE of the proposed SCEIA estimator is
shown in Figure 2.3; as noticed, the MSE converges to a small arbitrary error value
with the SINR, regardless of the frequency gap.
2.5 Simulation Results
The 3GPP SCM channel is used with uniform linear antenna array, and each node
desires to accommodate di = 2 independent streams with the maximum likelihood
detection.
Figure 2.4 compares the bit error rate (BER) performance under three diﬀer-
ent cases, namely perfect channel reciprocity, proposed SCEIA method and the case
without frequency compensation between channels. The proposed method shows sig-
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Figure 2.4: BER performance of the SCEIA with 4× 4 MIMO channel.
niﬁcant performance improvement, and approaches the ideal case of perfect channel
reciprocity at high SINR. With diﬀerent frequency gaps between the RL and FL chan-
nels, the IA without channel compensation suﬀers from severe performance degrada-
tion due to the channel path mismatch. Therefore, the maximum SINR algorithm is
misled by inaccurate channels and results in non-aligned interference at the receivers.
The IA DoFs are accordingly lost.
In Figure 2.5, the sum rate (SR) performance in bits/sec/Hz is shown for the same
three cases. Similar observations are concluded. When there is no compensation for
the channels under diﬀerent frequency gaps, the SR saturates under 18 bits/sec/Hz.
The proposed SCEIA method shows linear SR gain with the SINR, since the overall
interference is properly conﬁned in one signal subspace by the IA maximum SINR
criterion with the estimated channels. It is worth noting that a similar behavior is
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observed with the zero-forcing detector; these results are not included due to space
limitation.
Additionally, we compare the SR performance of the proposed SCEIA method
with the proposed work in [10]. Authors in [10] proposed a quantized-precoder based
IA (QP-IA), where only the receive decoders are designed by using non-quantized
vectors as a tradeoﬀ between the overall quantization error and size of the feedback
bits. Once the precoders are obtained, they are quantized by using a predeﬁned
codebook C = {c1, c2, . . . , c2B}, where each codeword is represented by a B-bit index.
Then, the quantized precoders are selected based on the minimization of the chordal
distance. However, a large number of feedback bits is still required to enhance the
quantization accuracy, e.g., B = 12 or 20 bits. Figure 2.5. shows that the proposed
SCEIA method provides improved system SR without the cost of additional feedback
bits, since no FL channel quantization is needed. The QP-IA method suﬀers from SR
degradation, as the FL channel quantization precision is always limited by the size of
the codebook. Therefore, larger codebooks are needed.
Moreover, the performance gain of SCEIA is shown to be enhanced with the
number of transmit antennas as in Table 2.1. With larger Nt, it enables capturing
additional spatial information about the estimated FL channel AoDs.
2.6 Conclusion
In this chapter, a spatial channel estimation method for FDD-MIMO IA systems
(SCEIA) has been proposed. SCEIA utilized the fact that the reverse and forward
spatial channel clusters bounce on similar sub-paths with a given frequency gap be-
tween channels. The SCEIA method exhibited a signiﬁcant performance gain. This
gain is shown to improve as the number of transmit antennas increases, making it ap-
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Figure 2.5: Sum rate performance of the SCEIA with 4× 4 MIMO channel.
Table 2.1: Estimation Precision for Diﬀerent Tx Antenna Number.
2× 2 8× 2
Ideal Gap: 200 MHz Ideal Gap: 200 MHz
SR
(b/s/Hz)
16.06 12.95 29.17 27.60
Loss (%) 0.00 21.3 0.00 5.5
propriate for future massive MIMO systems. A detailed study under such a scenario
will be performed in future work.
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Chapter 3
Blind Spatial Channel Estimation
for Massive MIMO Systems ∗
3.1 Abstract
Channel state information (CSI) acquisition is a crucial issue in downlink FDD-based
massive multi-input multi-output (MIMO) networks, where the channel reciprocity is
not applicable. Thus, users are expected to feedback the best-match quantized chan-
nels to serving transmitters. Hence, an extensively large size of the feedback overhead
is needed, which scales lineraly at each user with the number of transmit antennas at
the base-station (BS). In turn, the uplink (UL) channel capacity may be consumed
and the overall performance becomes fundamentally limited by the downlink (DL)
channel quantization precision. An alternative CSI acquisition scheme is critically
needed. In this chapter, we propose a novel FDD massive MIMO system based on a
spatial DL channel estimation scheme; it relies on the statistical spatial correlation of
∗This chapter is a modified version of "Ali A. Esswie, Mohammed El-Absi, Octavia A. Dobre,
Salama Ikki and Thomas Kaiser, “A novel FDD massive MIMO system based on downlink spatial
channel estimation without CSIT,” in Proc. IEEE ICC, Paris, 2017, pp. 1-6."
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the UL and DL channel clusters, given an arbitrary frequency band gap between the
UL and DL channels. A transformation matrix is constructed to precode the observed
UL channel on the estimated dominant DL angles of departure. The proposed scheme
signiﬁcantly outperforms the recent state-of-the-art techniques, without the cost of
user feedback overhead bits and prior knowledge of the channel statistics.
Index Terms—Massive MIMO; Reciprocity; 5G; Channel state information; Feed-
back; Estimation.
3.2 Introduction
Massive multi-input multi-output (MIMO) has been considered in the recent years
as one of the key techniques towards the ﬁfth generation (5G) networks [1]. With
larger transmit antenna arrays, the channel hardening phenomenon becomes more
prominent to cancel the channel small-scale fading characteristics. As a result, the
massive MIMO channel tends to be a set of orthogonal sub-channels with almost
scalar and frequency-independent gains [2]. Hence, massive MIMO communication
can dramatically improve the overall spectral eﬃciency and user capacity with simple
linear transmit and receive ﬁlters. Moreover, many promising techniques towards
5G have been recently proposed such as interference alignment (IA) [3] and spatial
modulation (SM) [4], which completely rely on the spatial degrees of freedom (DoFs)
provided by the large antenna arrays, that in turn push the motivation toward the
feasibility of the massive MIMO systems.
Frequency division duplex (FDD) networks are widely employed in current stan-
dards because they oﬀer diﬀerent advantages over time division duplex (TDD), e.g.,
smaller latency and continuous channel estimation [5]. Unfortunately, harvesting the
potential gains of an FDD-based massive MIMO system requires perfect channel state
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information at the transmitter (CSIT), which is linearly scaled with the number of
transmit antennas to limit the quantization error [5]. In this way, the downlink (DL)
training pilots to acquire the CSIT overwhelm the DL channel capacity and the user
feedback overhead bits accordingly consume the uplink (UL) channel. A straight-
forward solution to overcome this issue is to employ a TDD system and exploit the
channel reciprocity through the UL training. However, perfect channel reciprocity
does not strictly hold even with TDD communication due to the radio chain calibra-
tion error [6]. Additionally, when the number of served users signiﬁcantly increases,
the performance of the TDD-based massive MIMO systems becomes limited by the
corresponding increase in the UL training reuse rate [7].
Studies in the literature exploited perfect channel reciprocity, which is not suitable
for FDD systems [7]. For FDD networks, research works traded feedback overhead
with quantization performance. Authors in [8] proposed an alternative CSI acquisition
method to spatially infer the DL covariance matrix from the observed UL covariance
matrix. A recent work [9] found that lower-dimension overhead training pilots based
on correlated massive MIMO channels are feasible in practice. Other studies exploited
the spatial correlation of the massive MIMO channels in dense networks to scale the
training overhead with the virtual antenna ports instead of the physical antennas by
using either random beamforming [10] or the users clustered spatial signatures, which
are greatly lower than the the number of transmit antennas [11].
Compared to the majority of the existing research, some studies exploit the pre-
existing knowledge of partial information about channel statistics, which may not be
always feasible in practice [9]. Other works require very large quantization codebooks
to achieve near-perfect-CSI performance [12], which accordingly leads to severe loss
in the overall sum rate due to the large user feedback overhead, e.g., 20 bits per
user. Needless to say that a CSI acquisition scheme, which eﬀectively minimizes
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the feedback overhead with minimal impact on the overall performance, is crucial to
achieve the potential gains of the FDD-based massive MIMO networks.
In this chapter, we propose an FDD massive MIMO system based on DL spatial
channel estimation (FMMSCE). The FMMSCE scheme is valid for FDD communica-
tions under any arbitrary frequency band diﬀerence. It requires neither DL overhead
training pilots nor UL user feedback overhead bits. FMMSCE projects the UL chan-
nel, known from the UL sounding, on a set of beamforming directions, which compose
a predeﬁned codebook that spans the entire coverage space of the antenna sector. The
beamforming vectors in the codebook are compensated by the frequency band gap
between the UL and DL channels. The spatial power spectrum is drawn and a vector
of the principal DL angles of departure (AoDs) is estimated. Finally, a beamforming
matrix is constructed to estimate the DL channel. Thus, the overall performance
of the FDD-based massive MIMO systems can be fundamentally relieved from the
bottleneck of the DL channel quantization accuracy. The proposed scheme is gen-
erally valid in outdoor urban environments with the spatial channel modeling. The
advantages of the FMMSCE scheme over the state-of-the-art schemes are as follows:
• Unlike [8, 9, 10, 11, 18], FMMSCE requires no user feedback overhead bits in
the UL direction, with better estimation performance.
• FMMSCE can be easily implemented using the fast Fourier transform (FFT)
without the cost of complex operations, e.g., singular and eigen value decompo-
sition operations (SVD and EVD) [19].
This chapter is organized as follows. Section 3.3 introduces the system model. Section
3.4 presents the FMMSCE scheme. Performance results are discussed in Section 3.5
and conclusion is drawn in Section 3.6.
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3.3 System Model
We consider a DL multi-user massive MIMO system, where a base station (BS) is
equipped with N transmit antennas andK randomly distributed users withM receive
antennas. The kth user desires to accommodate M independent data streams sk =
CN (0, P
M
IM). The DL channel from the BS to the kth user is denoted by Hk ∈
CM×N ,∀k ∈ {1, 2, . . . , K}.
The received signal at the kth user is described by
yk = HkUksk +
K∑
j=1,j 6=k
HjUjsj + nk, (3.1)
where Uk ∈ CN×M is the unit-norm precoding matrix, and nk is the additive white
Gaussian noise at the kth user, respectively. The summation term represents the inter-
user interference. For the beamforming vectors, we adopt zero-forcing beamforming
(ZFBF) where precoders are expressed by the pseudo inverse of the DL channels as
Uzf,k = Hk
H(HkHk
H)−1.
The sum rate is given by [5]
z =
K∑
k=1
log2
(
1 +
P
K
| HkUk |2
1 + P
K
∑K
j=1,j 6=k | HjUj |2
)
, (3.2)
where |.| denotes the matrix determinant. The 3GPP spatial channel model (SCM) is
adopted in this work [13], to reﬂect the spatial channel correlation due to the scatters.
The channel model is expressed by
Hk = Akβ
0.5
k , k = 1, 2, . . . K, (3.3)
where βk = φwαk ξk is the large-scale coeﬃcient, φ is a constant in terms of the antenna
gain and operating frequency, wk is the distance between the BS and the kth user, α
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respectively, ε is the distance in meters between the nth antenna and the reference
antenna index, and v is the relative velocity between the BS and the kth user.
3.4 FDD massive MIMO System based on Down-
link Spatial Channel Estimation
The FMMSCE scheme exploits the statistical phase correlation of the large antenna
array based on a novel DL spatial channel estimation scheme without CSIT. A pre-
deﬁned codebook, which contains Q beamforming channel directions, is created at
the BS to span the entire angular space of the antenna sector; the codebook design,
e.g., beam separation angle is arbitrary for a given quantization accuracy [14]. The
observed UL channel per user is projected on the angular space of the codebook and
ﬁnally the spatial power spectrum is obtained. The dominant DL AoDs are estimated
in terms of the frequency band gap. The DL channel is estimated by precoding the
UL channel in the directions of the estimated AoDs. The minimum mean square
estimate (MMSE) of the DL channel is calculated to reﬁne the estimation accuracy.
3.4.1 Uplink Channel Spatial Projection
Ideally, the DL and UL channel clusters bounce on correlated paths [13]. The path
correlation between the UL and DL channels depends on the frequency band gap Ω.
Hence, with larger values of Ω, the dominant UL AoAs and DL AoDs deviate from
each other, leading to employing very large codebooks to fully acquire CSIT. Figure
3.2. shows the angular deviation between the dominant UL AoAs and DL AoDs of a
randomly selected user as Ω increases, e.g., 100, and 200 MHz, respectively. It shows
that the assumption of perfect channel reciprocity does not even hold with Ω = 0
MHz [6] and the angle deviation increases with Ω. Hence, the DL channel to the mth
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Figure 3.2: DL and UL spatial power spectra
receiving antenna at the kth user can be represented by the lower-dimensional space
of major channel clusters as,
hmk =
gdl1√
N


1
eΨ2 cos θ1
...
eΨ2 cos θ1


+ . . .+
gdlC√
N


1
eΨN cos θC
...
eΨN cos θC


, (3.6)
where Ψx = −jπ(x − 1), x = 2, 3, . . . , N, gdlC is the path gain of the DL channel
corresponding to Cth cluster, C = 6 is the number of the major SCM clusters, θC =
θAoDC + ϕC , θAoDC is the AoD of the DL channel corresponding to C
th cluster and
ϕC is a random angular deviation. Similarly, the UL channel from the kth user to the
nth receiving antenna at the BS is expressed as
←−
h nk =
∑C
r=1 g
ul
r a(θr), where a(θr) =
1√
M
[
1, e−jπ cos θr , . . . , e−jπ(M−1) cos θr
]T
is a steering vector in the direction of θr, the
superscript T denotes the transpose operation. As the signal-to-noise- ratio (SNR)
increases, the UL and DL channel gains are averaged over a fewer number of major
channel clusters, e.g., two channel directions as in Fig. 2; thus, the average gain of
42
the principal UL and DL channel clusters tends to be a constant as
1
N
E
{
C∑
r=1
g(dl,ul)r
}
= Υ, (3.7)
where g(dl,ul)r is the DL or UL channel gain of the r
th cluster, and Υ is a constant.
Based on these observations, we conclude that a simple compensation coeﬃcient in
the angular domain is required to estimate the dominant DL AoDs from the UL AoAs,
given arbitrary Ω.
We consider an antenna coverage space of θ degrees and a predeﬁned beamform-
ing codebook of Q = θ
%
quantized channel directions, where % is an integer scaling
factor. Without loss of generality, we consider θ = 120o, % = 1 and Q = 120. The
beamforming codebook for q = 1, 2, . . . , Q, is given by
W(θq) =
1√
N
[
1, e−j2π4UL cos θq , . . . , e−j2π4UL(N−1) cos θq
]T
, (3.8)
whereW(θq) denotes the qth beamformed channel direction from the codebook, which
corresponds to the angular direction of θq and 4UL is the eﬀective antenna spacing
after being compensated by the frequency band ratio as 4UL = γ4DL, where γ = fULfDL
is the compensation coeﬃcient, 4DL is the actual DL antenna spacing in terms of the
DL carrier frequency, and fDL and fUL are the DL and UL channel carrier frequencies,
respectively. The compensation coeﬃcient γ basically seeks to compensate for the
angular diﬀerence between the major UL and DL channel clusters by the eﬀective
antenna spacing of the codebook directions, leading to adjusting the beam angular
directions in the codebook, and hence, the spatial power spectrum based on the
frequency gap Ω. With 64× 2 antenna conﬁguration, Figure 3.3 shows that the ﬁrst
estimated DL AoD approaches the actual AoD with a maximum mismatch of 1.5
degrees at SNR = 5 dB when employing the compensation coeﬃcient γ, compared
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Figure 3.3: Spatial power spectra of the first DL AoD.
with an average mismatch of 22 degrees with Ω =100 MHz, as depicted in Figure 3.5.
The UL channel of the kth user is spatially projected over the modiﬁed angular
space of the W(θq) codebook and the DL spatial power spectrum P(θq) is given as
P(θq) =
[
W(θq)
HD−1W(θq)
]−1
, (3.9)
where D =
←−
Hk
←−
HHk is the N × N UL auto-covariance matrix, and
←−
Hk is the UL
channel of the kth user. The N angular directions which correspond to the largest
power values are considered the dominant estimated DL AoDs and the AoD angles
are estimated as ϕAoDh = arg
θq
max ‖P(θq)‖2 ,∀h = 1, 2, . . . , N.
A beamforming matrix V(θAoD) = [v1,v2, . . . ,vN ] ,vf ∈ CN×1,∀f ∈ {1, 2, . . . , N}
is constructed to obtain a rough estimate of the DL channel by precoding the observed
UL channel clusters on the estimated N DL AoDs, where the beamforming vectors
are given as : vf =
[
1, eψ cosϕAoDf , . . . , eψ(N−1) cosϕAoDf
]T
, and ψ = −j2π4DL. The
rough estimate of the DL channel from the BS to the kth user is obtained as
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Hˆk(1) =


←−
h 1,1k · · ·
←−
h 1,Mk
...
. . .
...
←−
h N,1k · · ·
←−
h N,Mk


H
V =
←−
HHkV, (3.10)
where
←−
h n,mk denotes the UL channel coeﬃcient from the m
th antenna at the kth user
to the nth antenna at the BS.
3.4.2 Minimum Mean Squared Estimate of the DL Channel
The DL channel channel estimate obtained in (3.10) is reﬁned by the MMSE criterion.
The estimation model is expressed as
Hˆk =
←−
HHkV+ T, (3.11)
where T ∈ CM×N is the estimation Gaussian error. The MMSE criterion ﬁnds a ﬁlter
G to minimize the MSE as
MSE = E
{
(G
←−
HHkV−Hk)(G
←−
HHkV−Hk)H
}
, (3.12)
where E {.} denotes the statistical expectation. Thus, the G = ((←−HHkV)H
←−
HHkV +
σ2TI)
−1(
←−
Hk
←−
HHkV)
H, and the ﬁnal estimate after MMSE is expressed as
Hˆk(2) = G
←−
HHkV. (3.13)
For the 64 × 2 antenna setup, the MSE in (3.12) is displayed in Figure 3.4 for
diﬀerent values of Ω, results show that a small MSE is attained as SNR increases.
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Figure 3.4: MSE of the FMMSCE estimator with Ω.
3.4.3 CSIT Feedback Overhead Comparison
Acquiring CSIT is vital in FDD networks. It becomes more challenging with the FDD
massive MIMO communications, because the size of the user feedback overhead bits
scales linearly with the number of transmit antennas [15, 16] as
B = (N − 1) log2 SNR, (3.14)
where B is the number of overhead bits per user, e.g., B = 424 bits for N = 128
antennas at SNR = 10 dB, which leads to signiﬁcant loss in the UL resources.
In current LTE-advanced standards [17], dual 16-codeword codebooks for channel
quantization are adopted to reduce the aggregate feedback overhead. It deﬁnes two
diﬀerent update rates (Λ1, Λ2) ms to select a codeword from each codebook, e.g.,
(5,5) ms means that each user feeds-back two B = 4-bit indices to select a codeword
from each codebook every 5 ms.
Table 3.1 presents a comparison of the approximate average number of the user
feedback bits to acquire CSIT and the overhead reduction gain (ORG), with respect
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Table 3.1: CSIT Feedback Overhead: FMMSCE vs. Recent Works.
Scheme Feedback (bits) ORG
FMMSCE 0 100%
CCE [8] (Huawei) 33 67%
H-CSI [18] (Ericsson) 34 66%
SBEM [11] 60 40%
P-CSI [10] (Intel) 70 30%
Dual codebook (5,5) ms [17] 80 20%
to the optimal case in (3.14), between the FMMSCE and the recent state-of-the-art
techniques from industry and academia, i.e., channel covariance estimation (CCE)
[8], hybrid-CSI (H-CSI) [18], progressive-CSI (P-CSI) [10], and spatial basis expansion
model (SBEM) [11]. To preserve fairness between all schemes, a unit time of tcsit = 10
CSI slots is adopted. The CCE builds a look-up channel dictionary between the
observed UL channels and fed-back DL channels from all users over a variable period,
e.g., initial tcsit = 5 slots. Over the rest, CCE does not require CSIT overhead, as
it interpolates the channels from the dictionary. H-CSI and P-CSI scale the CSIT
overhead with the virtual antenna ports. The SBEM divides the active cell users into
τ clusters based on their spatial signatures, and the CSIT overhead is scaled with the
number of the user clusters. The FMMSCE scheme shows signiﬁcant reduction of the
overhead bits with 100% ORG, since no DL quantization is employed.
On the other side, performance and overhead eﬃcient schemes [19] adopt complex
operations that are hardly practical to be implemented on micro processors, e.g.,
SVD and EVD of large-dimensional matrices. In contrast, the proposed FMMSCE
scheme adopts a simple discrete Fourier transform (DFT) codebook. The estimated
DL channel observed at the mth receiving antenna of the kth user
←−
h mk ∈ C1×N from
(3.14) can be rewritten as
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Table 3.2: Simulation Parameters of the Proposed FMMSCE.
Parameter Value
Channel model 3GPP SCM-UMA
Channel bandwidth 10 MHz
BS antennas 64 Tx, 0.5λ
User antennas 2 Rx, 0.5λ
User dropping Randomly distributed, 10 users/cell
User mobility 25 km/hr
Transmission mode TM3, M = 2
←−
h mk =
[
C∑
c=1
(
gulc
)
1
e−jθAoA,c,1 , . . . ,
C∑
c=1
(
gulc
)
N
e−jθAoA,c,N
]
V, (3.15)
where V = [v1,v2, . . . ,vN ] is the DFT beamforming matrix,
(
gulc
)
N
and e−jθAoA,c,N
are the average gain and AoA of the corresponding UL channel cth cluster,
respectively, observed on the N th antenna at the BS. As noticed, the estimate
←−
h mk
tends to be a sum of low-complexity shifted DFT operations.
3.5 Numerical Results
The 3GPP SCM channel is used with uniform linear antenna array at the BS and
users for the 64× 2 antenna setup. The detailed simulation parameters are listed in
Table 3.2.
For the purpose of performance comparison, the following scenarios are considered
in simulations:
1. Perfect-CSIT: the DL channel is assumed perfectly known without quantiza-
tion at the BS.
2. No conversion: the DL channel is assumed to be fully reciprocal with UL
channel, regardless of the frequency gap between UL and DL directions, e.g.,
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Hk =
←−
Hk.
3. Conventional vector quantization (CVQ): the conventional technique in
literature to acquire the CSIT is by the DL channel quantization through a
predeﬁned codebook C = {c1, c2, . . . , c2B}, where each codeword is represented
by a B-bit index. Quantized channels cˆ are selected based on the minimization
of the chordal distance, i.e., cˆ = arg
cb
min{d2(cb,Hk)},∀b = 1, 2, . . . , 2B.
4. Channel covariance estimation (CCE) [8]: the CCE scheme [8] was shown to
signiﬁcantly reduce the CSIT feedback overhead by 67%, as in Table I. Initially,
it requires full CSIT from all users during a training period. CCE builds a
lookup channel dictionary between the observed UL channels and the fed-back
quantized DL channels, e.g., (UDL,UUL). In the exploitation phase, CCE does
not require CSIT feedback from users and when a new UL channel is observed,
an interpolation on the Riemannian space is performed between the two least-
distant DL channels from the dictionary to estimate U ′DL. Authors provided
possible choices of the distance measures, e.g., the Euclidean distance.
Figure 3.5 presents the sum rate (SR) performance in bits/sec/Hz for the FMMSCE
scheme and the previously mentioned schemes. The CVQ using a predeﬁned codebook
of size 512 quantized codewords, e.g., B = 9 bits, suﬀers from severe SR degradation
due to the channel quantization error, which leads to losing the spatial DoFs provided
by the large transmit antenna array. The CCE scheme provides a sub-optimal per-
formance with an average SR loss of 35 bits/sec/Hz at SNR = 15 dB. To enhance
the overall sum rate, CCE requires larger channel dictionaries in the training phase
to enhance the interpolation precision with the cost of additional feedback overhead.
The FMMSCE scheme clearly shows near perfect-CSIT SR, regardless of the frequency
gap, e.g., Ω = 100, 400 MHz. The performance gains of the FMMSCE scheme are due
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Figure 3.5: Sum rate performance of FMMSCE, compared with perfect-CSIT, CCE, CVQ and no
conversion.
to the proper estimation of the principal DL AoDs with the compensation coeﬃcient
γ, removing the critical limitation of the DL channel quantization.
Similar conclusions can be observed from the BER performance with Ω = 100
MHz, which is depicted in Figure 3.6. We compare the BER performance of the FMM-
SCE scheme with the previously mentioned schemes, i.e., no conversion, perfect-CSIT,
CVQ and CCE. The FMMSCE scheme shows signiﬁcant performance improvement
over all schemes, approaching the perfect-CSIT case without CSIT overhead. It ex-
hibits an average loss in the overall BER by a maximum of 1 dB with B = 0 bits,
compared to 4 dB for the CCE scheme with B = 9 bits and 7 dB for the CVQ with
B = 15 bits.
We deﬁne the DL channel quantization gain (CQG) η as a quality measure for the
DL channel quantization accuracy as
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Figure 3.6: BER performance of FMMSCE, compared with perfect-CSIT, CCE, CVQ and no
conversion.
ηk =‖ Hˆb ×HHk ‖2, b = 1, 2, . . . , 2B, (3.16)
where Hˆb is the quantized/estimated channel. Figure 3.7 compares the CQG of the
FMMSCE scheme with respect to the perfect-CSIT, CCE and CVQ schemes. With
perfect-CSIT, Hˆb = Hk, and the CQG grows linearly with the number of transmit an-
tennas, as shown in Figure 3.9. The CVQ scheme suﬀers from performance saturation
when the number of transmit antennas exceeds the size of the DL codebook, leading
to severe loss of the spatial DoFs. Larger codebooks may be needed with the cost of
the CSIT overhead. The FMMSCE with B = 0 bits shows near perfect-CSIT CQG,
outperforming both the CCE scheme with B = 9 bits and CVQ with B = 6, 5 bits,
respectively. The FMMSCE scheme with the simple compensation coeﬃcient for the
channel angular deviation signiﬁcantly reduces the distance between the estimated
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and actual DL channels.
3.6 Conclusion
In this chapter, a novel FDD massive MIMO system based on a DL spatial channel
estimation scheme (FMMSCE) has been proposed. The FMMSCE scheme utilizes
the statistical phase correlation between the UL and DL channel clusters with an
arbitrary frequency band gap. It exploits a simple compensation coeﬃcient to eﬃ-
ciently estimate the DL channel without CSIT overhead. Compared with the recent
state-of-the-art CSIT schemes, the FMMSCE scheme shows signiﬁcant performance
improvement, which approaches the perfect-CSIT. With simple implementation and
zero CSIT overhead, this scheme relieves the FDD-based massive MIMO systems from
the well known bottleneck of the DL channel quantization.
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Chapter 4
Directional Spatial Channel
Estimation for 3D 5G Networks ∗
4.1 Abstract
Full-dimensional (FD) channel state information at transmitter (CSIT) has always
been a major limitation of the spectral eﬃciency of cellular multi-input multi-output
(MIMO) networks. This chapter proposes an FD-directional spatial channel esti-
mation algorithm for frequency division duplex massive FD-MIMO systems. The
proposed algorithm uses the statistical spatial correlation between the uplink (UL)
and downlink (DL) channels of each user equipment. It spatially decomposes the
UL channel into azimuthal and elevation dimensions to estimate the array principal
receive responses. An FD spatial rotation matrix is constructed to estimate the cor-
responding transmit responses of the DL channel, in terms of the frequency band
gap between the UL and DL channels. The proposed algorithm shows signiﬁcantly
∗This chapter is a modified version of "Ali A. Esswie, Octavia A. Dobre, and Salama Ikki,
“Directional spatial channel estimation for massive FD-MIMO in next generation 5G networks,” to
be submitted."
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promising performance, approaching the ideal perfect-CSIT case without UL feedback
overhead.
Index Terms— Full-dimensional MIMO; spatial correlation; frequency division
duplex; 5G; massive MIMO; CSI.
4.2 Introduction
Full dimensional massive multi-input multi-output (FD-mMIMO) is a key technology
for boosting the spectral eﬃciency (SE) of 5G cellular networks [1]. Performance
improvement of FD-mMIMO systems is achieved by using adaptive transmission at
the base-station (BS) over the FD cell space. However, the assumption of perfect
FD channel state information at the transmitter (FD-CSIT) is vital for achieving
optimality, which is not feasible in practice [2, 3].
Hence, typical CSIT acquisition algorithms in time division duplex systems rea-
sonably assume channel reciprocity, where the downlink (DL) channel can be approx-
imated by the transpose of the uplink (UL) channel. In frequency division duplex
(FDD) systems, channel reciprocity is not applicable due to the frequency band oﬀset
Ω. Consequently, channel quantization and limited-feedback algorithms have been
widely considered [4]. Current LTE-Pro standards [5] deﬁne double-codebooks for
tracking the channels small- and large-scale variations. For FD-mMIMO systems,
the double-codebooks are extended to scan the azimuthal and elevation dimensions,
providing a Kronecker-product (KP) based beamforming algorithm [6].
However, channel quantization represents a major limitation of the network spatial
degrees of freedom, regardless of the number of transmit antennas [7]. Hence, the
design of the beamformed CSI-reference-signals (CSI-RS) is widely studied in recent
standards [8, 9], where the DL pilots are distributed across several FD beamforming
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directions. CSI-RS algorithms have shown scalability and performance improvement
with limited feedback overhead; however, they may result in blind coverage spots
if scanning precision is insuﬃcient. Furthermore, an FDD mMIMO system based
on DL spatial channel estimation (FMMSCE) [7] has been recently proposed, to
remove the limitation of the channel quantization; though, it suﬀers from sub-optimal
performance in FD systems due to the missing elevation degrees of freedom (DoFs).
In this work, a directional spatial channel estimation (D-SCE) algorithm is pro-
posed for FDD FD-mMIMO systems. The UL channel, is spatially projected over the
FD space of a pre-designed discrete Fourier transform (DFT) codebook. The FD spa-
tial power spectrum of the UL channel is estimated to obtain the instantaneous receive
response of the antenna array. The estimated array response is spatially rotated in
terms of Ω to compensate for the spatial deviation of the principal DL channel clusters
and thereby attain the corresponding transmit response. Finally, the UL channel is
spatially beamformed towards the principal set of the estimated transmit responses.
The minimum mean square error (MMSE) criterion is applied to reﬁne the estimation
accuracy. The proposed D-SCE algorithm shows promising SE improvement, without
the requirement of channel quantization or feedback overhead.
This chapter is organized as follows. In Section 4.3, the spatial channel modeling
is presented. Section 4.4 introduces the proposed D-SCE algorithm. Performance
results are discussed in Section 4.5 and conclusions are drawn in Section 4.6.
Notations: (x)T , (x)H and (x)-1 denote the transpose, Hermitian, and inverse
operations on x. x⊗ y stands for the Kronecker product of x and y, while x and
|x| represent the mean and absolute value of x. x ∼ CN(0, σ2) denotes a complex
Gaussian random variable with zero mean and variance σ2, while {x} indicates the
set of possible x values. xκ, κ∈{ul, dl} denotes the link direction of x.
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Figure 4.1: Full dimensional MIMO system model.
4.3 System Model
In this work, we consider a DL multi-user FD mMIMO system. A BS is mounted with
Nt = Nv × Nh planar uniform rectangular array (URA), where Nv and Nh are the
elevation and azimuthal antenna elements, respectively. There are K FD uniformly
distributed users with Mr antennas, as shown in Figure 4.1. The received DL signal
at the kth user is expressed as
yk = Hdl,kVkxk +
K−1∑
j=0,j 6=k
Hdl,jVjxj + nk, (4.1)
where Hdl,k ∈ CMr×Nt ,∀k ∈ {0, 1, . . . , K−1} is the DL spatial channel of the kth user,
Vk ∈ CNt×1 is the zero-forcing precoding matrix given asVk = (Hdl,k)H
(
Hdl,k (Hdl,k)
H
)−1
,
and nk is the additive white Gaussian noise. We adopt the spatially-correlated chan-
nel model [10], where the channel is described by its major C scattering clusters,
spatially distributed over the FD cell space with Z rays per cluster. The DL channel
coeﬃcient from the nth transmit antenna to the mth receive antenna is given by
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h(m,n)k =
1√
C
C−1∑
c=0
√
αk Gc,k r(m,n,c)k , (4.2)
where αk = `
β
kµk is the channel large-scale factor, ` is a propagation constant, µk is
the shadow fading factor, and βk is the separation distance, with β as the pathloss
exponent, and Gc,k ∼ CN(0,1). The steering element r(m,n,c)k of the channel coeﬃcient
is given by
r(m,n,c)k =
√
ξψ
Z
Z−1∑
z=0


√
D
m,n,c,z
BS (θAoD, ϕEoD) e
j(ηdf+Φm,n,c,z)
×
√
D
m,n,c,z
UE (θAoA, ϕEoA) e
j(ηd sin(θm,n,c,z,AoA))
×ejη||s|| cos(ϕm,n,c,z,EoA) cos(θm,n,c,z,AoA−θs)t


, (4.3)
where ξ and ψ are the power and large-scale coeﬃcient, Dm,n,c,zBS and D
m,n,c,z
UE are the
BS and UE spatial antenna patterns, η is the wave number, θ denotes the azimuthal
angle of arrival θAoA and departure θAoD, while ϕ denotes the elevation angle of arrival
ϕEoA and departure ϕEoD, respectively. s is the speed of the kth user, f = fx cos θAoD
cosϕEoD + fy cosϕEoD sin θAoD + fz sinϕEoD is the generic displacement vector of the
transmit antenna array.
4.4 Proposed Directional Channel Estimation for
FD-mMIMO Networks
4.4.1 Spatially-Correlated FD-MIMO Channels
The exact spatially-correlated FD-MIMO channel model, presented in Section 4.3,
can be rewritten only by its predominant spatial clusters, distributed across the FD
space of each antenna sector and with an average constant channel gain as
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Hκ =
1√
C
C−1∑
c=0
gκ,caκ,c(φc), (4.4)
where Hκ, κ∈{ul, dl} is the UL/DL spatial channel matrix of an arbitrary user, gκ,c
is the cth cluster gain of the UL/DL channel, and aκ,c(φc) is the UL receive or
DL transmit antenna FD response of the cth cluster, with φc as the FD spatial
angle of the corresponding antenna response. The FD antenna response aκ,c(φc)
is composed of the horizontal and vertical responses by the Kronecker product as
aκ,c(φc) = ahκ,c(θc) ⊗ avκ,c(ϕc), where the horizontal ahκ,c(θc) and vertical avκ,c(ϕc) an-
tenna response, in the azimuthal direction θc and elevation direction ϕc of the cth
cluster, are given by
ahκ,c(θc) =
[
1, e−j2π∆
h
κ cos θc , . . . , e−j2π∆
h
κ(Nh−1) cos θc
]T
, (4.5)
avκ,c(ϕc) =
[
1, e−j2π∆
v
κ cosϕc , . . . , e−j2π∆
v
κ(Nv−1) cosϕc
]T
, (4.6)
where ∆hκ and ∆
v
κ are the horizontal and vertical antenna physical spacing, respec-
tively. The cth FD cluster can be sampled in the DFT domain as
Hκ,c(b) =
Nt−1∑
n=0
gκ,ce
−j2π∆κn cos(φc)e
−j2pibn
Nt , b = 0, . . . , Nt − 1, (4.7)
where ∆κ denotes the eﬀective antenna spacing of the entire antenna array. The
magnitude of Hκ,c(b) is described by
|Hκ,c(b)| = |gκ,c| ×
∣∣∣∣∣∣
sin
(
Nt
2
(
−2π∆κ sin (90− φc) + 2πNt b
))
sin
(
1
2
(
−2π∆κ sin (90− φc) + 2πNt b
))
∣∣∣∣∣∣ . (4.8)
From (4.8), the leakage of each channel cluster becomes range-limited with the
number of the transmit antennas. Hence, with large antenna arrays, the channel
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dimension reduces to fewer and more predominant clusters. This leads to signiﬁcant
estimation precision if the directions of only the most predominant DL clusters are
suﬃciently approached. Furthermore, the cth channel cluster gain is expressed as
gκ,c = Λκ,cγκ,cΥκ,c, (4.9)
where Λκ,c is a constant to represent the transmit power, and antenna gain. γκ,c and
Υκ,c are the large- and small-scale factors of the cth channel cluster. In dense environ-
ments, where low mobility conditions are applicable, e.g., 30 km/h, the surrounding
scatterers and Doppler shift slowly vary between two successive UL and DL transmis-
sions of the same user. Thus, it is reasonable to assume that the average gain of both
channel clusters is constant [10], being given as
ζ =
1
Nt
√
C
E
(
C−1∑
c=0
gκ,c
)
, (4.10)
where E denotes the statistical expectation. The optimal DL transmit response to
maximize the received power of the cth channel cluster is given by
adl,c(φˆc) = argmax
φ
(
aHdl,c(φ) adl,c(φc) a
H
dl,c(φc) adl,c(φ)
)
, (4.11)
where adl,c(φ) and adl,c(φc) are the estimated and actual DL transmit responses at
the BS. Thus, the optimal transmit response adl,c(φˆc) should spatially align with the
global set of the principal eigenvectors of the actual DL response adl,c(φc), where
φˆc = φc. However, in FDD networks, the BS only accesses the UL receive response
aul,c(φc) since the transmit adl,c(φc) and receive aul,c(φc) antenna responses are not
reciprocal, due to Ω. Furthermore, no closed-form relation between adl,c(φc) and
aul,c(φc) exists in the literature, because it is a non-convex problem [5]. Hence, the
knowledge of the actual DL transmit response adl,c(φc) is not available at the BS. In
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Figure 4.2: Empirical cumulative density function of the spatial correlation coefficient (ECDF (ρ)).
this work, we transform the optimization problem in (4.11), with the pre-knowledge
requirement of the DL antenna response adl,c(φc), into a search problem of the closest
possible spatial directions, observed from the discrete spatial power spectrum of the
UL channel, as it will be discussed subsequently.
Assuming a standard antenna sector of 120o/90o coverage in both the azimuthal
and elevation directions, the FD cell space is spatially divided into U and Q elevation
and azimuthal subspaces, with an arbitrary scanning precision. Then, we deﬁne an
FD-DFT beamforming codebook at the BS to project the UL channel clusters over
the virtual beamforming sub-spaces. An approximate estimate of the spatial power
spectra of the UL/ DL channels, averaged over the C channel clusters within the
entire FD space φ is given by
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Figure 4.3: Full-dimensional UL spatial spectra.
Pκ(φ) =
[
aHκ (φ)
(
HκH
H
κ
)−1
aκ(φ)
]−1
. (4.12)
Hence, the correlation coeﬃcient of the UL and DL clusters is calculated as
ρ =
∫ (
Pul(φ)−Pul(φ)
) (
Pdl(φ)−Pdl(φ)
)
dφ√(
Pul(φ)−Pul(φ)
)2√(
Pdl(φ)−Pdl(φ)
)2 . (4.13)
The empirical cumulative density function (ECDF) of the correlation coeﬃcient is
shown in Figure 4.2, for diﬀerent Ω values. As can be noticed, the UL and DL
spatial spectra, and hence, the receive and transmit responses are highly correlated
in the spatial domain, due to the small channel spatial variance over the closely-
spaced antenna elements, e.g., for 50% of the channel samples, a correlation coeﬃcient
ρ = 0.8588 is observed for Ω = 200 MHz.
64
40 45 50 55 60 65 70 75
Azimuth Spatial Coverage ( Θ)
0
0.2
0.4
0.6
0.8
1
N
o
rm
a
liz
e
d
 S
p
a
ti
a
l 
P
o
w
e
r 
(d
B
)
Mean DL AoDs
Mean UL AoAs, Gap: 0 MHz
Mean UL AoAs, Gap: 100 MHz
Mean UL AoAs, Gap: 200 MHz
Figure 4.4: Spatial deviation of the first principal UL/ DL cluster, with Ω.
Figure 4.3 depicts the decomposable spatial spectra of the UL channel across the
entire azimuthal space of each elevation subspace, with U = 4 and Q = 120. It
is evident that the fourth elevation subspace (u = 3) is the best-match-subspace
for maximizing the received signal-to-interference-noise ratio (SINR), capturing the
additional UL spatial elevation DoFs. It is worth mentioning that Q > Nt should
be satisﬁed in order to fully utilize the spatial DoFs of the antenna array. Figure
4.4 exempliﬁes the impact of Ω on the spatial deviation between the observed UL
AoAs and actual DL AoDs across the principal elevation space. It is worth noting
that a spatial shift between the most dominant clusters of the UL and DL channels
is noticed, as a function of Ω.
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4.4.2 FD Directional Spatial Channel Estimation
The proposed D-SCE algorithm decomposes the observed UL channel into 2D pro-
jections over the azimuthal and elevation dimensions, using a pre-designed FD beam-
forming codebook. The principal sub-array receive responses in both dimensions are
estimated to satisfy the maximization of the spatial SINR. Then, the receive responses
are spatially rotated, in terms of Ω, to estimate the BS transmit responses. The ob-
served UL channel is spatially beamformed towards the directions of the estimated
transmit responses. Finally, the MMSE criterion is applied to enhance the estimation
precision.
First, an arbitrary FD beamforming codeword Wκ(θ, ϕ) ∈ CNt×1 is composed as
Wκ(θ, ϕ) =
1√
Nt
(
ahκ(θ)⊗ avκ(ϕ)
)
. (4.14)
Accordingly, an FD beamforming spatial codebook is constructed as {Wκ(θq, ϕu)}, to
cover the FD antenna sector by the discrete direction set {θq, ϕu} ,∀q = 0, 1, . . . Q−
1, u = 0, 1, . . . , U − 1. Next, the UL FD spatial spectrum is estimated according
to (12), where the array responses are substituted by the FD codewords from the
codebook as aκ(φ) = Wκ(θq, ϕu). The principal elevation subspace ϕˆu of the UL
spatial spectrum is obtained based on the maximization of the average received power
over the corresponding Q-codeword azimuthal discrete space {θq} as
ϕˆu = argmax{ϕu}
(
E
(
‖Pul(θq, ϕu)‖2
))
. (4.15)
The strongest Nt azimuthal directions are estimated as
θˆn = argmax{θq}
(
‖Pul(θq, ϕˆu)‖2
)
,∀n = 0, 1, . . . , Nt − 1. (4.16)
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The FD array principal receive response matrix AR(Θ, ϕˆu) ∈ CNt×Nt can be given
by
AR(Θ, ϕˆu) =
[(
a
h
ul(θˆ0)⊗ avul(ϕˆu)
)T
. . .
(
a
h
ul(θˆNt−1)⊗ avul(ϕˆu)
)T]
, (4.17)
where Θ =
{
θˆn
}Nt−1
n=0
is the discrete set of the estimated principal azimuthal subspaces.
A spatial rotation matrix Γ ∈ CNt×Nt is constructed to compensate for the frequency
band gap between the UL and DL channels, with each rotation column vector given
by
z=
[
1, e
−j2π
(
fdl
ful
)
, . . . , e
−j2π(Nt−1)
(
fdl
ful
)]T
, (4.18)
where fdl and ful are the operating center frequencies of the DL and UL channels,
respectively. The corresponding FD transmit response matrix AT(Φ,Ψ) ∈ CNt×Nt is
estimated by spatially rotating the obtained receive responses through Γ by
AT(Φ,Ψ) = AR(Θ, ϕˆu)Γ
T, (4.19)
where Φ and Ψ denote a rotated set of the azimuthal subspaces Θ and the elevation
ϕˆu subspace. A rough estimate of the DL channel is calculated by beamforming the
observed UL channel over the estimated transmit responses as: H(1)dl = H
H
ulAT(Φ,Ψ).
Finally, the estimated transmit response matrix, is reﬁned by applying the MMSE
criterion. The MMSE approach seeks a matrix G to minimize the corresponding
MSE as MSE = E
{
(GHHulAT(Φ,Ψ)−Hdl)(GHHulAT(Φ,Ψ)−Hdl)H
}
; the G matrix
is given by
G = ((HHulAT(Φ,Ψ))
H
H
H
ulAT(Φ,Ψ) + σ
2
I)−1(HulHHulAT(Φ,Ψ)). (4.20)
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The ﬁnal DL channel estimate is then expressed as
H
(2)
dl = H
H
ulGAT(Φ,Ψ). (4.21)
4.5 Numerical Results
We adopt an 8 × 8 URA transmit antenna setup and 2 × 1 receive antennas. The
performance of the proposed D-SCE is compared with the state-of-the-art CSIT har-
vesting standards for FD-mMIMO channels as follows:
Beamformed CSI-RS
The original 3GPP proposal [8] has shown signiﬁcant CSIT acquisition gain. The
enhanced-CSI-RS (E-CSI-RS) algorithm [9] is an extension of the CSI-RS standard,
proposed from Intel Research. E-CSI-RS algorithm adopts dual FD-DFT codebooks.
The ﬁrst L−codeword codebook J deﬁnes the actual CSI-RS span, physically beam-
formed across the FD cell space. Thus, the beamformed DL channel Hbfdl at the user
side is de-beamformed to obtain an approximate estimate of the actual channelHapproxdl
span given as Happroxdl = H
bf
dlJJ H. At the user side, the estimate of the DL full-span
channel Happroxdl is spatially projected over the second N−codeword codebook T. Fi-
nally, each UE feeds-back its serving BS with an index κ of B = log2 (N) bits, to select
the closest-match codeword to its estimated DL channel as κˆ = argmax
T
||Happroxdl T||2.
Hence, the actual CSIT gain is L; however, the eﬀectively harvested gain is N , where
N  L.
Kronecker-based Beamforming
The KP-based CSIT approach [6] is an extension of the current 2D-MIMO CSIT
standards. KP-based CSIT algorithms adopt the current double-codebooks in LTE-
Pro standards [5] for the azimuthal scanning, where the azimuthal tth codeword,
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Figure 4.5: Average SE performance of the perfect CSIT, D-SCE, E-CSI-RS, KP-based CSIT, 2D
FMMSCE and 2D RVQ algorithms.
for Nh = 8 horizontal antenna setup, is given as (T )t =
(
1√
8
) [
$, e
jpit
2 $
]T
, where
$ =
[
1, e
j2pit
32 , e
j4pit
32 , e
j6pit
32
]
. For the elevation scanning, a DFT-based codebook avκ(ϕ)
is used, and the ﬁnal FD-KP-based codebook is generated by W(θ, ϕ) = T ⊗ avκ(ϕ).
Figure 4.5 depicts the average SE performance in bits/sec/Hz of the perfect CSIT,
proposed FD D-SCE, E-CSI-RS, KP-based, 2D FMMSCE [7] and the 2D random
vector quantization (RVQ) algorithms. The proposed D-SCE with B = 0 feedback
overhead bits outperforms the E-CSI-RS with B = 7 bits per user per channel co-
herence time, especially in the high SINR region, approaching the perfect CSIT case.
The E-CSI-RS suﬀers from performance degradation due to the channel approxima-
tion, which contributes to the residual inter-user interference. The proposed D-SCE
provides signiﬁcant outperformance than the KP-based CSIT with B = 10 bits, e.g.,
4-elevation and 256-azimuthal codewords, respectively, due to the insuﬃcient CSIT
precision of the adopted azimuthal LTE-Pro dual-codebook. FMMSCE and conven-
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tional RVQ clearly suﬀer from performance degradation due to the missing elevation
beamforming, with B = 0 and 9 bits, respectively.
The performance gain of the proposed D-SCE algorithm is due to i) the proper
reduction of the spatial channel span, and ii) the on-the-go suﬃcient estimation of
the principal transmit responses. It is worth noting that a similar behavior of the D-
SCE algorithm is also achieved under diﬀerent antenna conﬁgurations and UL channel
estimation error.
4.6 Conclusion
A novel FD directional spatial channel estimation (D-SCE) algorithm has been pro-
posed. It blindly utilizes the statistical spatial correlation between the UL and DL
channels, to attain higher CSIT harvesting gain. Compared to the state-of-the-art
standard CSIT estimation algorithms, the proposed D-SCE algorithm shows signiﬁ-
cant performance improvement without FD CSIT overhead. With simple implemen-
tation complexity, zero CSIT overhead, and scalability with the size of the transmit
array, the proposed D-SCE algorithm is a strong candidate for FD-mMIMO FDD
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Chapter 5
Conclusion
In this chapter, the conclusions drawn by the dissertation are presented. The potential
extensions are additionally introduced for future development.
5.1 Conclusion
• Practical channels are not spatially uncorrelated, which in turn leads to in-
validating the widely-used assumption of the independent and identically dis-
tributed (i.i.d) Rayleigh channel modeling. The i.i.d channel modeling facilitates
deriving closed-form rate expressions for multi-antenna communications. How-
ever, practical channels are demonstrated of being spatially correlated through
ﬁeld measurements campaigns, where the UL and DL channel clusters have cor-
related arrival and departure directions, respectively. Thus, a standard spatial
channel model is introduced in wireless standards to reﬂect the practical channel
considerations, which is adopted allover this dissertation.
• Interference is a major limitation of the cellular communications. Strong in-
terference leads to signiﬁcant loss in the network spectral eﬃciency, capacity,
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and coverage. In the recent literature, interference mitigation has been a key
focus towards the next generation cellular networks. The interference alignment
transmission technique is considered a strong candidate for future cellular net-
works because it achieves the optimal network capacity with limited interference
levels. However, interference alignment requires perfect CSIT, which leads to
severe feedback overhead in the uplink direction, e.g., 20/30 bits per user per
channel coherence time.
• In Chapter 3, we proposed a spatial channel estimation for MIMO interfer-
ence alignment systems. The proposed algorithm utilizes the spatial correlation
between the UL and DL channels, to ﬁnd an approximate estimate of the down-
link channel. It combines both the proper estimation accuracy and the eﬀective
beamforming gain to provide signiﬁcant performance improvement, approaching
the ideal case. It is shown that the proposed algorithm relieves the interference
alignment systems from the requirements of the channel quantization and user
feedback.
• In Chapter 4, we extend our system model to the mMIMO model, where large
antenna arrays are employed at the base-station. mMIMO systems provide
great spatial DoFs which allows simple linear interference mitigation techniques
to fully control the inter-user interference, without the need for complex trans-
mission strategies. However, channel quantization and feedback are considered
fundamental limitations against mMIMO systems, because the feedback over-
head is shown to scale linearly with the number of transmit antennas. Our
proposed algorithm shows scalability with the size of the transmit antenna ar-
ray, while providing signiﬁcant performance improvement. Without complex
processing or user feedback overhead, the mMIMO systems with our proposed
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algorithm can be a strong transmission candidate for future wireless networks.
• Finally, we extend the dimensionality of the proposed algorithm to the full di-
mensional space, where more realistic user distributions are considered. In prac-
tical dense deployments, user distributions can not be controlled, where users
may be distributed across sparse elevation and azimuthal directions. Current
standards consider beamforming only the azimuthal direction, to reduce the size
of the user feedback overhead only to the azimuthal direction. However, this
leads to suboptimal performance when the user location does not align with
the bore-sight of the beamforming direction. The recent full dimensional beam-
forming standards require signiﬁcant feedback overhead from each user, which
is non-feasible in practice. We proposed a blind estimation algorithm for full
dimensional beamforming, where no user feedback overhead or channel quantiza-
tion are needed. Compared to the state-of-the-art full dimensional beamforming
standards, the proposed algorithm shows promising performance enhancement
while preserving the practical limitations such as the constant modulus, and the
ﬁxed alphabet.
5.2 Future Research Directions
The acquisition of the CSIT for interference alignment and 2D/3D mMIMO systems is
still in its infant phase of developments; hence, there are couple of suggested directions
to extend the work in this dissertation as follows:
• Extension to multi-cell communications may be worth investigation, by con-
sidering the inter-cell interference. For interference alignment transmissions,
base-stations must collaborate to design the joint precoders for the cell edge
users. The coordination overhead and structure may be further investigated.
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• Deriving an optimal closed-form expression for the rotation parameter is shown
to be a hard problem, because the estimation problem is non-convex and varies
with several factors such as the antenna array structure, the frequency band
gap, channel model, and user conditions. The proposed algorithms, under all
considered setups, compensate for the most impacting factor: the frequency
band gap; however, this approximation is not optimal. A further investigation
with other impacting parameters would be of an interest.
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